Background: Untargeted metabolomics was used in case-control studies of adenocarcinoma (ADC) lung cancer to develop and test metabolite classifiers in serum and plasma as potential biomarkers for diagnosing lung cancer.
Introduction
Lung cancer continues to be a leading cause of cancer mortality in both men and women in the United States (1, 2) . Among the different lung cancer types, non-small cell lung cancer (NSCLC) accounts for approximately 85% of all lung cancer cases, with adenocarcinoma being the most common histologic type (3) .
Recently, the National Lung Cancer Screen Trial (NLST) demonstrated that low-dose CT (LDCT) screening could reduce mortality due to lung cancer by 20%. However, LDCT screening is largely hindered by high false-positive rates (96%), particularly in high-risk populations (heavy smokers), due to the low prevalence rates (less than 2%) of malignant tumors and high incidence of benign lung nodules. Consequently, complementary biomarkers that can be used in conjunction with LDCT screening to improve diagnostic capacities and reduce false-positive rates are highly desirable (4, 5) . Preferably, such complementary tools should be noninvasive and exhibit high sensitivity and specificity. The application of "-omic" sciences (genomics, transcriptomics, proteomics, and metabolomics) represents valuable tools for the discovery and validation of potential biomarkers that can be used for detection of NSCLC. Of these omic sciences, metabolomics has received considerable attention for its application in cancer (6) . Metabolomics is the assessment of small molecules and biochemical intermediates (metabolites) using analytic instrumentation. Metabolites in blood are the product of all cellular processes, which are highly responsive to conditions of disease and environment, and represent the final output products of all organs forming a detailed systemic representation of an individual's current physiologic state (7) .
Metabolomics has been applied to gain new insights into the pathology of cancer, develop methods predictive of disease onset, and reveal new biomarkers associated with diagnosis and prognosis (6, 8, 9) . As such, the application of metabolomics in NSCLC adenocarcinoma represents a promising avenue of new research for the identification and validation of potential biomarkers associated with diagnosis and prognosis.
In this study, we used an untargeted metabolomics approach using gas chromatography time-of-flight mass spectrometry (GCTOFMS) to analyze the metabolome of serum and plasma samples both collected from the same patients that were organized into two independent case-control studies (ADC1 and ADC2). In both studies, only NSCLC adenocarcinoma was investigated. The overall objectives were to (i) determine whether individual or combinations of metabolites could be used as a diagnostic test to distinguish NSCLC adenocarcinoma from controls and (ii) to determine which, plasma or serum, provides more accurate classifiers for the detection of lung cancer. We developed individual and multimetabolite classifiers using a training test from the ADC1 study and evaluated the performance of the constructed classifiers, individually or in combination, in an independent test/validation study (ADC2).
Materials and Methods

Patient population and collection of patient samples
Subjects were recruited over a 4-year period (2010-2014) from the UC Davis Medical Center and Cancer Center Clinics. All subjects were diagnosed with NSCLC adenocarcinoma before specimen collection. Blood samples (serum and plasma) were collected from NSCLC adenocarcinoma and control subjects with patient consent using approved IRB protocols (LC001 for cancer cases and LC002 for control cases). The control population was heavily recruited from spouses and family members accompanying a lung cancer patient to their clinic to maintain as much of a similar environment and life styles, especially diet and smoking history, as possible. Cases were frequency matched with controls for gender, age, and smoking history. Only cases diagnosed with NSCLC adenocarcinoma were used in these studies. Fasting status was not controlled for as individuals were recruited upon their arrival to the clinic.
Patient characteristics are described in Table 1 . Detailed information on blood sample collection protocols is provided in Supplementary Methods.
Metabolomic profiling
The MiniX database (10) was used as a Laboratory Information Management System (LIMS) and for sample randomization before all analytic procedures. Sample identifications were kept blinded during the entire metabolomics analysis to minimize potential bias. Serum and plasma samples were equally distributed for analysis so they could be compared directly.
Plasma and serum sample preparation. Detailed information on sample preparation, instrument parameters, and data acquisition is provided in Supplementary Methods. Samples (30 mL; serum or plasma) were thawed, extracted, and derivatized as previously described (11) . Mass spectrometry analysis and data acquisition were performed using an Agilent 7890A gas chromatograph coupled to a Leco Pegasus IV time-of-flight (TOF) spectrometer. Acquired spectra were further processed using the BinBase database (10, 12) .
Data analysis
Before statistical analysis, metabolite intensity values were total quantity normalized and log 2 transformed. Missing intensity values were imputed with one-half the minimum observed matrix and metabolite specific value. Differential analysis was implemented to identify significant metabolomic differences between cancer and control samples in serum and plasma separately for both the training (ADC1) and test (ADC2) set. For each matrix, intensity values were regressed on the covariates [age, gender, and smoking history (packs per year)] and the residuals used to calculate t statistics for the difference between cancer and control groups adjusting for the covariates. Significance between cancer and control groups was determined on the basis of a permutation null distribution consisting of 100,000 permutations. FDRs were calculated to account for multiple testing and FDR < 0.05 was considered as significant.
Development of classifiers was carried out on the training set (ADC1). Classifiers consisted of individual metabolites and as a multiplex panel, for classifying samples as cancer or control (13) . Only metabolites with a significant FDR (<0.05) were used in constructing classifiers. Furthermore, in developing classifiers, we used residuals from adjusting for age, gender, and smoking history and scaled the residuals to a variance of 1 for comparability between datasets.
Development of classifiers. Classifiers were developed using a strategy based on the use of "voting classifiers" as previously 
Results
Subject characteristics
Patient characteristics for the two independent studies are provided in Table 1 . The first set (ADC1) used for biomarker development consisted of serum and plasma samples obtained from 52 stages I-IV NSCLC adenocarcinoma patients (52 plasma and 49 serum), and 31 healthy controls (31 pairs of serum and plasma) for a total of 163 samples. Thirty-one control patients were enrolled as individual control subjects matched multiple cancer samples. This set was regarded as the training set for biomarker discovery and classifier development. A second, independent case-control study (ADC2) consisting of serum and plasma samples collected from 43 stage I-IV NSCLC adenocarcinoma patients and 43 healthy controls (total 172 samples) was used as an independent test set for biomarker evaluation. Samples for ADC2 were collected and analyzed at a different time from the ADC1. There were no significant differences between the matching variables of age, gender, and smoking history (packs per year) for the cases and control cohorts in the two separate case-control studies (ADC1 and ADC2).
Identification of metabolites discriminatory of NSCLC adenocarcinoma in serum
Untargeted GCTOF-based metabolomics was conducted on each sample in the ADC1 and then ADC2 set. A total of 511 metabolites were detected in ADC1, of which 181 had known annotated structures, whereas in ADC2 413 metabolites, of which 152 were known (Supplementary Tables S1 and S2 ). Of all metabolites detected between the two studies, 296 were repeatedly measured in serum and plasma (Supplementary Tables S1  and S2 ). Notably, many of the metabolites that were unique to either ADC1 or ADC2 were unknowns. These unknowns may represent artifacts, low-abundant compounds or xenobiotic compounds that were removed during the data-filtering process (see Supplementary Methods). Pearson correlation coefficients illustrating the association between measured metabolites are provided in Supplementary Table S3 . Differential analysis (cancer vs. control) on the ADC1 training set identified 80 differential metabolites in the serum with a raw P value of <0.05 (Supplementary Table S1 ). Only four metabolites (xylose, glutamate, aspartate, and Bin_225393) remained significant after FDR adjustment (FDR < 0.05) in ADC1 (Supplementary Table S4 ). Three of the four significant metabolites (glutamate, aspartate, and Bin_225393) were found to be elevated in cancer relative to control in ADC1, whereas xylose was decreased (box plots for each metabolite are provided in Supplementary Fig. S1 ). Using the independent test set (ADC2), we conducted a separate differential analysis to confirm whether the metabolites identified in the first study (ADC1) were significantly and consistently differential in a different cohort of samples. Out of the 80 metabolites with a raw P value of <0.05 in ADC1, 15 (18.8%) were also found to be significant (raw P value < 0.05) in ADC2 (Supplementary Table  S4 ). More importantly, all 15 metabolites indicated a similar fold change (increased or decreased) in both studies (Supplementary  Table S4 ). When comparing only those metabolites that were significantly different following FDR adjustment in ADC1, 3 of the 4 metabolites (aspartate, glutamate, and Bin_225393) were also found to be significantly (FDR-adjusted P < 0.05) elevated in adenocarcinoma in ADC2 (Supplementary Fig. S1 ).
Developing serum metabolite classifiers using the ADC1 training set Serum classifiers were developed using the metabolites whose peak intensity were significantly differential in relation to the cancer presence in ADC1 after FDR adjustment. Determination of classification thresholds and rules, construction of classifiers and cross-validation of classifier performance for both individual metabolites and panel of metabolites was performed as described in Materials and Methods. Performances of the developed classifiers for each individual metabolite in ADC1 are provided in Table 2 . Individually, Bin_225393 displayed the highest individual accuracy of 72.5% (AUC ¼ 0.766; Table 2 and Fig. 1A ). An ROC curve plus the confidence interval for Bin_225393 is provided in Fig. 1A and Supplementary Table S5, respectively. The mass spectrum for Bin_225393 is provided in Supplementary Fig. S2 . We next evaluated whether combining multiple metabolites in ADC1 could yield improved classifications. The order that each metabolite entered the multiplex classifier is provided in Table 2 . Overall, the highest accuracies achieved were 72.5% and 68.8% consisting of Bin_225393 alone and the first three metabolites (Bin_225393, aspartate, and xylose), respectively ( Table 2 ). An ROC curve plus the confidence interval for the three metabolite classifiers (Bin_225393, aspartate, and xylose) is provided in Fig. 1B Testing/validation of serum classifiers developed with ADC1 training set in an independent ADC2 test set
We next evaluated the performance of the serum metabolite classifiers developed using the ADC1 training set on the independent ADC2 test set. Individually, aspartate yielded the best performance with a classification accuracy of 81.4% (AUC ¼ 0.855) when tested in ADC2 (Table 2 ). An ROC curve plus the confidence interval for aspartate is provided in Fig. 1A and Supplementary  Table S5 , respectively. Then we tested the multimetabolite classifiers consisting of up to 4 metabolites developed with the ADC training set in the test set for assessment of performance accuracy. The highest performance was achieved with all four metabolites in the classifier yielding an accuracy of 72.7% (Table 2 ). An ROC curve plus the confidence interval for the 4 metabolite classifiers (Bin_225393, aspartate, and xylose) is shown in Fig. 1B and Supplementary Table S5, respectively.
Identification of metabolites discriminatory of NSCLC adenocarcinoma in plasma
In addition to serum, we examined the performance of plasmaderived metabolite classifiers as potential biomarkers for NSCLC adenocarcinoma. Differential analysis identified 68 differential metabolites in plasma samples with a raw P value of <0.05 (Supplementary Table S2 ) in the ADC1 set. Only 14 (21%) of the 68 metabolites remained significant following FDR adjustment (Supplementary Table S2 ). Of these 68 metabolites, 18 (26.5%) were also found to be significantly different in the ADC2 test set (Supplementary Table S6 ). When comparing only those 14 metabolites that remained significant after FDR-adjustment in the ADC1 set, 6 (pyrophosphate, maltotriose, citrulline, adenosine-5-phosphate, Bin_226841, and Bin_36799) were also found to remain significant following FDR adjustment (FDR P value <0.05) in the ADC2 set (Supplementary Table S2 ). All 6 of these metabolites displayed the same direction of change in ADC2 (increased or decreased) as observed in ADC1 ( Supplementary  Fig. S1 ).
Developing plasma metabolite classifiers using the ADC1 training set Plasma classifiers were developed from the 13 (Supplementary Table S2 ) discriminating metabolites that remained significant following FDR adjustment. Performances of the developed classifiers for each individual metabolite are provided in Table 3 . Four metabolites (maltotriose, maltose, cellobiotol, and Bin_715929) had individual accuracy scores above 70% (Table 3) . However, three metabolites (cellobiotol, Bin_715929, and Bin_299216) were not detected in the ADC2 test set and consequently excluded when developing classifiers to apply to the test set for performance evaluation. The nondetection of cellobiotol and unknown compounds (Bin_715929 and Bin_299216) is suspected to be the consequence of low spectral abundance or only being detected in few patients, thus resulting in removal of these compounds during the data-filtering processes (see Supplementary Methods). Overall, maltose performed the best with an accuracy of 72.3% (Table 3 and Fig. 2A ). An ROC curve plus the confidence interval for maltose is provided in Fig. 2A and Supplementary Table S5, respectively. We subsequently evaluated whether combining multiple plasma metabolites could serve a better classification test. The order that each metabolite entered the classifier is provided in Table 3 . Overall, the highest accuracy achieved for the plasma classifiers was 79.5% using a panel of five metabolites (Table 3 and Fig. 2B ), suggesting that several metabolites in the classifier can improve classification relative to individual metabolite classifiers. An ROC curve plus confidence intervals for the 5-metabolite classifier is provided in Fig. 2B and Supplementary Table S5, respectively. Testing/validation of plasma classifiers developed with ADC1 training set in an independent ADC2 test set
We next evaluated the performance of the plasma metabolite classifiers developed using the training set (ADC1) in the discovery phase on the independent ADC2 test set. Individually, plasma metabolites indicated modest performances in classifying ADC2 samples with pyrophosphate achieving the highest accuracy (77.9%) and specificity (95.4%) but low sensitivity (60.5%; Table 3 ). An ROC curve plus confidence intervals for pyrophosphate is shown in Fig. 2A and Supplementary Table S5, respectively. We afterwards evaluated the developed multiplex classifiers in the independent test set using the refined 10 metabolites classifiers developed in the training set. Collectively, the best performance was achieved when using a combination of 8 metabolites in the plasma classifier resulting in an accuracy of 77.3% (Table 3 ). An ROC curve plus confidence intervals for the 8-metabolite classifier is shown in Fig. 2A and Supplementary  Table S5 , respectively.
Comparison of classifier performances between plasma and serum samples
It is of particular interest for clinical utility to determine which type of blood specimen (serum or plasma) is best suited for obtaining optimal classifiers for the detection of lung cancer. For this reason, we collected both serum and plasma from the same individuals and developed the classifiers from these two biofluids independently. Collectively, three metabolites (maltotriose, glutamate, and Bin_223618) were found to be consistently differential between ADC and control (Supplementary Tables S1 and S2) in both serum and plasma.
Comparison of individual metabolite classifier performances in either serum or plasma yielded comparable results although classifier accuracies were slightly better in serum (ranging from 50%-81% accuracy) than plasma (ranging from 51%-78% accuracy; Tables 2 and 3 ). However, plasma provided slightly better performance metrics using a multimetabolite classifier compared with serum (77.3% versus 72.7% accuracy in ADC2, respectively; Tables 2 and 3 ), indicating that serum may be better suited for individual-metabolite classifiers; whereas plasma may be more suited for multimetabolite classifiers.
Discussion
In the present study, we identified multiple circulating metabolites (annotated and unknown) that are significantly elevated or reduced in patients with NSCLC adenocarcinoma compared with healthy controls. In the discovery phase of our experimental design, we identified and developed classifiers in a training set that were then applied to an independent test set for testing/validation. This approach is consistent with the guidelines set forth by the U.S. National Cancer Institute for evaluating potential diagnostic cancer biomarkers (14) . Within each study, sample sets were matched by age, gender, and smoking history, and rigorous statistical evaluations were implemented to analyze the test performance of the metabolite compositions.
Overall, the individual-metabolite classifier aspartate showed the best accuracy (81.4%) in serum, whereas pyrophosphate provided the best accuracy (77.9%) in plasma when tested in the independent ADC2 test/validation study. A combination of either 2 or 4 metabolites (Table 2) in the serum classifier gave the best performance with an accuracy of 72.7% when applied to the ADC2 test set. For plasma, a multipanel classifier consisting of 8 metabolites (Table 3) provided the best performance with an accuracy of 77.3% in the ADC2 test set. Although the ideal (but unrealistic) situation is for 100% sensitivity and specificity, in this study we focused on building a multiplex test with high specificity and less emphasis on sensitivity. In this way, nearly all of the true negative and false positives could be correctly identified as cancer free.
The performance of the developed classifiers in our study for the identification of NSCLC adenocarcinoma is comparable with that of others (15) (16) (17) . Patz and colleagues (15) illustrated that a panel of four serum proteins (CEA, retinol binding protein, a1-antitrypsin, and squamous cell carcinoma antigen) was found to have a sensitivity of 89.3% and a specificity of 84.7% in a case-control training set for lung cancer that in a validation study yielded a sensitivity of 77.8% and a specificity of 75.4%. Li and colleagues (16) developed a 13-protein classifier from a panel of 371 protein candidates, previously identified in 143 plasma samples obtained from patients with benign and malignant lung nodules. This 13-protein classifier was validated on an independent set of plasma samples (n ¼ 104) yielding a negative predictive value (NPV) of 90% and a specificity of 44% AE 13%. Results from the analysis of a third independent study showed an NPV of 94% and a specificity of 56% (16) . AUCs of 0.82, 0.60, and 0.74 were obtained for discovery, validation study 1, and validation study 2, respectively (16) . As in our study, they also determined that their classifier score was independent of smoking history and age (16) .
Recently, Sozzi and colleagues (17) demonstrated the effectiveness of a plasma miRNA signature classifier using samples collected from smokers within the randomized Multicenter Italian Lung Detection trial, both individual and in conjunction with LDCT. Using this miRNA classifier, a sensitivity of 87% and a specificity of 81% were achieved for all case-control samples, whereas 88% sensitivity and 80% specificity were achieved for cases from the low-dose CT arm (17) .
Taken together, both methods (miRNA and metabolomics) or all methods (miRNAs, proteomics, and metabolomics) might eventually be combined to produce a test with even better performance than each individual test for early detection of all types of lung cancer. Despite the potential prospects of combined methodologies (such as miRNA and metabolomics), our results highlight the application of metabolomics in the discovery phase of potential biomarkers and yield candidate classifiers that will be expanded upon in future studies. Moreover, we have tested both plasma and serum from the same individuals to determine which type of blood specimen would be more suitable for metabolomics-derived classifiers. Specifically, we aimed to determine which biofluid would provide the most reliable classifiers with the potential for general utility as this is a clinically relevant question. Overall, there were no major advantages by using either serum or plasma as both bloodspecimen types yielded comparable results in overall performances; although serum-based classifiers performed slightly better for individual-metabolite classifiers, plasma performed slightly better for multimetabolite classifiers. These findings are in agreement with those by Wedge and colleagues and Yu and colleagues (18, 19) who similarly stated that the two biofluids were comparable, although in both studies plasma provided slightly better results. However, despite their findings, Yu and colleagues (19) also found that metabolite concentrations were higher in serum, allowing for more sensitive results in biomarker detection. We suggest that serum is most ideal, given higher sensitivity for low-abundant metabolites as the low-abundant metabolites/compounds could potentially be of most biologically relevant.
Although the application of metabolomics in the identification of potential biomarkers is of immense value, it also provides useful information about the pathophysiology of the disease. Recently, we distinguished metabolic differences between matched malignant and nonmalignant lung tissue from subjects with earlystage (stage IA-B) NSCLC adenocarcinoma (20) . Particularly, we identified that glutamate, malate, adenosine-5-phosphate, and xanthine were significantly increased, whereas glutamine was reduced in malignant tissue compared with nonmalignant tissue (20) . In the current investigation, we also found that glutamate, malate, adenosine-5-phosphate, and xanthine were consistently elevated in NSCLC, whereas glutamine was consistently reduced. However, only glutamate was found to be reliably significant. The elevation in glutamate and reduction in glutamine is particularly noteworthy, given the recently recognized importance of glutamate and glutamine in energy metabolism and macromolecule biosynthesis in lung cancer (21) . The abundances of these metabolites and others mentioned above in serum or plasma may, therefore, be a reflection of tumorigenesis and cumulatively point toward alterations in nucleotide and energy metabolism.
Finally, it is important to recognize both the strengths and limitations of this study. A strength of this study is that our analysis examined only adenocarcinoma NSCLC. By evaluating only adenocarcinoma, we exclude any potential biases from mixed pathologies during the classifier construction allowing for the identification of adenocarcinoma-specific biomarkers. This is particularly important for diagnosis and treatment options. Unlike many biomarkers studies, candidate biomarkers were selected on the basis of their FDRs and not on raw P values, leading to less false-positive rates of developing biomarkers. A limitation of this study is the relatively small sample size for each cohort (52 cases, 31 controls for ADC1, and 43 cases and 43 controls for ADC2) because patient variability can be a big factor in smaller studies (22) . However, this study is still part of the discovery phase and, as such, will require further validation in a larger population. In addition, values of detected metabolites are based on qualitative peak heights rather than absolute concentrations. The intent of this study was to obtain maximal coverage of the metabolome for the identification, generation, and evaluation of classifiers that could be used as potential diagnostic markers for NSCLC adenocarcinoma. However, it will be important to verify and quantitate absolute concentrations in future studies. The inclusion of both early-and late-stage adenocarcinoma may also lead to masking of potential biomarkers, given that heterogeneity exists among tumor stage. Finally, although collection of samples from a single institution can be a strength due to consistency in protocols, it also poses as a limitation as there is potential bias of site-specific confounding effects attributed to differences in sample collection and sample handling. Therefore, larger studies are warranted on only early-stage NSCLC adenocarcinoma and also include samples from multiple institutions to evaluate reproducibility and performance independent of the collection site.
In conclusion, our results highlight the application and validity of metabolomics in the discovery and validation of candidate biomarkers for diagnosing NSCLC adenocarcinoma. More specifically, we have identified individual metabolites and multimetabolite panels as part of the discovery phase, which will serve as the basis for classifiers used in future studies.
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